ABSTRACT
INTRODUCTION
The Golgi Apparatus is an organelle central to the biosynthetic pathway of eukaryotic cells as it plays a principal role in the post-translational modification of newly synthesized proteins and in the sorting, packaging and distribution of these proteins to various destinations. For the Golgi Apparatus to maintain its functional integrity, specific resident proteins must be retained within the Golgi subcompartments in spite of the extensive membrane traffic into and out of this organelle. † Among the proteins that are considered resident within the Golgi Apparatus are the glycosylation enzymes, or glycosyltransferases, which are responsible for the addition of carbohydrate moieties on newly synthesized proteins and lipids. To date, the majority of single span membrane proteins within the Golgi Apparatus, including all the glycosyltransferases, are Type II (cytoplasmic N-terminus/lumenal C-terminus). The mechanism by which these proteins are retained in the Golgi is still unclear, however, one important feature is that the Golgi enzymes are actively retained in the Golgi and prevented from being transported to the post-Golgi compartments (Lippincott-Schwartz and Zaal, 2000; Orci et al., 2000) . Thus, Golgi proteins are selectively segregated from newly synthesized proteins transitting through the organelle to numerous post-Golgi locations. Recent models suggest that disparate regions of the molecule mediate the efficient localization of Golgi resident proteins. However, the properties of the membrane-spanning domains of these Golgi resident proteins are clearly important (for a review, see Gleeson, 1998) .
Recently, computational approaches able to predict the subcellular localization of proteins have been reported. These methods are based on either comparison of the overall amino acid composition of proteins from different subcellular localization (Nakashima and Nishikawa, 1994; Cedano et al., 1997; Reinhardt and Hubbard, 1998; Chou and Elrod, 1999; Yuan, 1999; Chou, 2000) or the presence of linear protein motifs or sorting signals that actively target proteins to different regions of the cell (Nakai and Horton, 1999) . However, these methods were unable to reliably predict Golgi resident proteins due, in part, to the small number of Golgi proteins in their training datasets and the inability to define a discrete sorting signal. To address this we carefully selected two sets of non-redundant Type II transmembrane proteins that either reside in the Golgi or pass through the organelle while being transported to their final destination. We then utilized these datasets to develop a discriminant function based predictor that can accurately differentiate between the two sets of proteins.
SYSTEMS AND METHODS

Principal component analysis of amino acid composition
Principal Component Analysis (PCA) techniques (Fukunaga, 1990 ) are used here to visualize the data distributions of Golgi and post-Golgi membrane proteins in the 20-dimensional amino acid compositions space. This strategy was previously adopted to compare the distributions of surface amino acids for the proteins of different subcellular localizations (Andrade et al., 1998) . A similar approach is used here, except that the amino acid compositions are normalized to 100. That means that the sum of amino acid contents is 100, instead of 1. A variance-co-variance matrix is calculated based on the whole dataset and some of its Eigenvectors are taken as principal components for the composition vectors. The composition vector is projected onto the plane defined by the first two principal components. Thus, we can have a two-dimensional view of how the composition vectors are clustered in the space. PCA can be used here to examine the propensities of two types of proteins.
Discriminant function
The boundaries of transmembrane helices are often inaccurately determined, even from the crystal structures. Therefore, it is impossible to accurately determine the length of the helices at this stage. However, the core segments of transmembrane domains are easily identified with higher reliability by different methods (Krogh et al., 2001; von Heijne, 1992; Deber et al., 2001) . In order to extract the feature from the transmembrane segments, we applied the hydropathy analysis techniques described previously (von Heijne, 1992) . That is, a certain amino acid hydropathy scale is chosen and the hydropathy value of each residue is calculated as the average over a sliding window. However, we extracted the sequence segments with maximum hydrophobicity values and used them to set up the discriminant function. Three commonly used amino acid hydropathy indices are adopted here and shown in Table 1 . All the values are normalized with mean zero and variance 1. The hydrophobicity (H i ) value of a segment with length m can be expressed as:
where r j is the residue at position j in the sequence, whose hydrophobicity value is h(r j ) that can be looked up from Table 2 . The hydrophobicity is multiplied by a constant (100) for easy manipulation of the data. For each TMD related sequence, we can get a segment (length m) of maximum hydrophobicity and count the frequencies of the 20 amino acids. A feature vector is given to represent each protein, defined as
where h is the hydrophobic value for each of 20 amino acids, n is the frequency of each amino acid in the segment. It should be worth noting that the TMD segments we used are not necessarily the real TMDs, but if we increased the length m, it covered more TMD residues. Based on the features, we set up a linear discriminant function to identify the two groups of proteins, defined as follows,
Here, w T = {w 1 w 2 w 3 . . . w 20 } is a weight vector and w 0 is the weight threshold. For this two-class case (Golgi and post-Golgi), a simple classification rule can be given as, if D(s) > 0 for a given sequence, it is classified as a Golgi membrane protein; otherwise, it is classified as a postGolgi one. Our task is to find the optimal values for weight vector and weight threshold to give a best classification between the two classes of proteins. Fisher's criterion (Fukunaga, 1990) can find the parameters to separate the two classes as much as possible. The criterion proposed by Fisher is the ratio of between-class to within-class variances. In this study, we take the scatter matrix instead of the variance. With maximum value of the ratio, the weight vector can be given as,
where m g and m p are the means of feature vectors for Golgi and post-Golgi proteins. S W is the within-class scatter matrix, given by
where g and p are the covariance matrices of Golgi and post-Golgi membrane proteins. n g and n p are the numbers of samples in Golgi and post-Golgi groups, respectively. The weight threshold is given by
The 21 parameters (w 1 , w 2 , . . . , w 20 and w 0 ) can be estimated based on a non-redundant training dataset.
Prediction accuracy test
Self-consistency and Jackknife tests (Chou, 2000) were used to test the prediction results. Firstly, for the selfconsistency analysis, every protein sequence used in the Kyte and Doolittle (1982) . b Eisenberg et al. (1984) . c JTT is the relative frequency scale given by Boyd et al. (1998) .
training set was tested to determine its accuracy. This procedure can reflect the learning ability of this method. Secondly, each protein sequence of the non-redundant dataset was selected once as a test sequence for the model trained on the other sequences. It is a leave-one-out cross validation and also called jack-knife test. In this problem, the model was trained on 129 non-redundant protein sequences and tested on the remaining sequence. The step is repeated 129 times to make sure all the sequences are used for testing. This can be regarded as a robust crossvalidation test for a new method, especially when there are not enough samples in the dataset for analysis. Another parameter, Matthews coefficient (M; Matthews, 1975) was also calculated to reflect the prediction performance, defined as:
where t p and tn are the true positives and negatives, respectively, while f p and f n are the false positives and negatives, respectively. Applying this to our Golgi category, one can only count the numbers of correctly predicted as Golgi (t p), correctly rejected as Golgi (tn), wrongly predicted as Golgi ( f p) and wrongly predicted as post-Golgi ( f n) membrane proteins.
RESULTS AND DISCUSSION
Generation of datasets
To date, all the endogenous single membrane spanning proteins resident within the Golgi apparatus are Type II (cytoplasmic N-terminus/lumenal C-terminus) so, we therefore restricted our dataset exclusively to this type of membrane protein. Type II transmembrane proteins of well-defined subcellular localizations were sorted into two categories: Golgi and post-Golgi membrane proteins. The 'Golgi' dataset includes proteins localized to the Golgi apparatus while the 'post-Golgi' dataset includes proteins that transiently move through the Golgi apparatus. The 'post-Golgi' dataset includes transmembrane proteins that reside at the cell surface or within the various intracellular organelles that make up the endosomal/vacuolar systems. The datasets were compiled from a number of sources including; (1) all type II transmembrane proteins extracted from SWISS-PROT 39 database (Bairoch and Apweiler, 2000) using keywords 'Eukaryota', 'TYPE II' and 'MEMBRANE'; (2) published literature; and (3) the Yeast Protein Database (Costanzo et al., 2001) . The single-spanning transmembrane domain for each protein was determined by its annotation in SWISS-PROT database and by the transmembrane domain prediction method TMHMM (Krogh et al., 2001) . For the membrane region of the three Golgi proteins that could not be determined, by the above procedure, we simply took those protein segments with maximum hydrophobic values as the potential transmembrane domain. Evidence for the subcellular localization of each protein was carefully examined and those proteins with definite subcellular localizations were sorted into the two datasets, namely Golgi and post-Golgi. Type II transmembrane proteins that did not classify in either category, including resident endoplasmic reticulum or mitochondrial proteins were excluded. Finally, 204 membrane proteins remained, 91 Golgi and 113 post-Golgi membrane proteins. Experimental evidence shows that the transmembrane domain of a Golgi protein is essential for its retention in the Golgi apparatus (Gleeson, 1998; Munro, 1995a) . Alterations in either the length or composition of the transmembrane domain can alter the subcellular distribution of Golgi localised proteins. Because of these experimental observations we generated additional datasets focused on the transmembrane domains of proteins with either a Golgi or post-Golgi subcellular localization. Currently it is impossible to accurately determine the boundaries of transmembrane domains (TMDs) whether from experimental techniques or by using theoretical methods. Therefore, the annotated TMDs are always the approximated ones. For this study, protein segments which contain the full TMDs were generated by elongating the annotated TMDs towards both the N-and C-terminal to give a final length of 60 amino acids. The 60 amino acid length was selected so as to include the transmembrane flanking sequences that have been implicated in Golgi localization (Gleeson, 1998) . Next, the redundancy within the protein segment of 60 amino acids was considered. The algorithm developed by Hobohm et al. (1992) was used to reduce the redundancy of protein sequences and get the largest representative protein data sets. For pair-wise identity less than 50%, the number of proteins was reduced to 75 proteins in the Golgi group and 54 in the post-Golgi group (see http://microarray.imb.uq.edu.au/golgi/). The 50% pair-wise identity was selected due to the lower sequence complexity within the 60 amino acid segments caused by the increased number of hydrophobic residues within the transmembrane domains.
Development of Golgi subcellular localization predictor
To accurately predict protein subcellular localization, the related features have to be determined. Features can be extracted from the whole protein sequence or a partial one. From the whole protein sequence, one can use the overall amino acid composition as the input information (Cedano et al., 1997; Reinhardt and Hubbard, 1998; Chou and Elrod, 1999) or higher order sequence information such as pair-residue correlation (Nakashima and Nishikawa, 1994; Yuan, 1999; Chou, 2000) . Alternatively, features can be gained from a protein segment which is in close relationship with or absolutely determines the protein subcellular localization, for example, the signal peptide (Nielsen et al., 1997; Emanuelsson et al., 2000) . Using partial sequences has an advantage as the unrelated protein sequences are excluded thus reducing the 'noise' contributed by the input information. However, when it is difficult to determine the 'motif' sequence, using the overall sequence is obviously a practical choice. Even when the 'motif' sequence is known, the prediction results based on the entire protein sequence can also be useful for cross-reference. The Principal Component Analysis technique was first used to compare the distribution of overall amino acid composition with that of the partial 60 amino acids transmembrane domain sequences. A protein sequence can be represented by its amino acid composition or regarded as a point in a 20-dimensional space. To visualize the nature of two types of proteins distributed in the space, we transformed them into a two dimensional space. To give an unbiased transformation of data, the variance-co-variance matrix was calculated on all the proteins in the database, irrespective of their Golgi or post-Golgi localizations. As shown in Figure 1 , 206 proteins were mapped to a plane determined by the two largest eigenvalues of the variance-co-variance matrix. In Figure 1A , mapping was performed from the overall amino acid composition of the proteins. The amino acid composition of the 60 amino acid TMDs were likewise analyzed and are presented in Figure 1B for comparison. The amino acid compositions overlap heavily for the two cases, however, slightly different propensities can also be observed, especially in Figure 1B . This tendency may suggest that the amino acid composition in the TMDs segments might contribute to the identification of Golgi membrane proteins. A certain sliding window size is usually used for calculating the hydrophobicity of protein segments along the protein sequence. Therefore, using this technique, a protein sequence can be represented by a hydrophobic profile. We aligned the protein hydrophobic profiles of Golgi and post-Golgi membrane proteins. For each protein profile, the position with maximum hydrophobicity is regarded as position 0, thus all proteins can be aligned for comparison. We calculated the average hydrophobicity for different positions in each group of aligned proteins. The window size 23, JTT hydropathy scale and non-redundant database were used here. Given the same window size, Golgi membrane proteins tend to have lower hydrophobicity than post-Golgi membrane proteins, as shown in Figure 2 . The largest difference can be observed for the position of the maximum hydrophobicity value and this difference was found to be statistically significant. The length of TMDs is commonly 17-22 amino acids according to the lipid-sorting model (Bretscher and Munro, 1993; Munro, 1995b) , Golgi membrane proteins tend to be on average 5 TMD residues shorter than plasma membrane proteins. This would imply that for our 23 amino acid window Golgi TMDs segments should have fewer hydrophobic amino acids than the post-Golgi one and thereby have lower hydrophobicity. Therefore, our observation is essentially consistent with the lipid-sorting model. It is also interesting to observe that the difference between the two types of proteins is reduced as the distance from the Maximum hydrophobicity position is increased. This indicates that outside of the TMDs, the hydrophobic distributions of the remaining protein sequence may not differ and thus the hydropathy analysis protocol can not be applied.
Although we could discover the statistically significant difference of hydrophobicity by using this sliding window scheme, it was obvious that properly considering the amino acid composition (overall or partial) information is helpful to the prediction, as indicated in our principal component analysis. Taking the hydrophobicity and amino acid composition, we set a prediction function to identify Table 3 . This method is not very sensitive to the amino acid hydropathy scales as around 88% accuracy was seen for each scale when window size 23 was chosen. Therefore, the best prediction results are gained using an optimized linear discriminant function using JTT scale and sliding window size 23. The parameters given in Table 3 are estimated based on the non-redundant dataset. Self-consistency and jack-knife tests have been performed to examine the prediction. Using the JTT scale and window size 23, the self-consistency and jack-knife tests gave the same result, 89.3% Golgi membrane proteins and 85.2% post-Golgi proteins are correctly predicted. The Matthews correlation coefficient is 0.76. To measure the reliability of prediction, we calculated the false negative and false positive rates of Golgi membrane proteins in accordance with different threshold values. Thresholds around 20 can give lower false negative and false positive rates, as shown in Figure 3 .
IMPLEMENTATION
Our algorithm is focused on whether or not a Type II transmembrane protein would remain within the Golgi or move beyond it to a post-Golgi compartment. Prior to examination of any protein with our method a number of properties need to be determined first. The protein to be tested must be a Type II transmembrane protein which by definition will not contain a N-terminal signal peptide. Non-Type II transmembrane proteins that contain N-terminal signal peptides are predicted to be Golgi localised proteins using our method and this represents one potential source of false positive predictions when our prediction tool is used inappropriately. A second source of false-positive results from this predictor will be Type II membrane proteins that reside within other regions of the cell and do not undergo the sorting within the Golgi. This will include residents of the endoplasmic reticulum and the mitochondria. Therefore, we strongly recommend that you also analyze your protein sequence for additional subcellular localization signals. For example, resident endoplasmic reticulum proteins will have a di-basic motif within their cytoplasmic domains (Teasdale and Jackson, 1996) . These motifs can be predicted using PSORT II (Nakai and Horton, 1999 ; http://psort.nibb.ac.jp/) and if present will override any prediction based on our method.
CONCLUSION
Localisation of proteins to Golgi membrane can be predicted based on the TMDs related protein segments. Because the boundaries of TMDs can not be accurately defined, we chose a certain window size (19-27) and the window of maximum hydrophobicity as the putative TMD. Though strong experimental evidence indicates that the length of the TMDs of Golgi Type II membrane proteins determines the subcellular localization of these proteins, our results indicate that the amino acid composition within the TMD region may also contribute. Our computational observations are consistent with the experimentally determined properties of Golgi sorting signals. This method can be simply applied to the gene sequence analysis and annotation but relies on ability to accurately predict Type II transmembrane proteins.
